Abstract. It is known that the crystallographic texture affects very much the mechanical properties of sheet metals. In this paper, rolled aluminum alloy sheets are considered as target materials. Typical texture components usually observed in rolled aluminum alloy sheets are the deformation textures of Cu, Brass and S, and the recrystallization textures of Cube and Goss. First, the effects of these components on mechanical properties, such as variations of Lankford's r-value for different tensile directions and forming limit strains, are investigated using full crystal plasticity analyses. In general, the most appropriate volume fractions of the texture components for a user-defined particular requirement, e.g. the smallest possible in-plane anisotropy, or the largest possible formability for a particular strain path, are unknown. Then, a texture optimization strategy is considered, i.e. a genetic algorithm is adopted to solve texture optimization problems. We describe a genetic algorithm with real-valued genes, which is called the real-coded GA. This algorithm is used to search for optimum textures that satisfy the requirements of smallest possible in-plane anisotropy and largest possible formability in biaxial stretch, as examples, to verify the efficiency of the method.
INTRODUCTION
It has been recognized that, in general, mechanical properties of metal sheets, such as plastic anisotropy and formability, can be improved by a proper crystallographic texture control. The texture has great influence on the plastic anisotropy of the final recrystallized sheets, such as the thickness reduction character that is usually represented by Lankford's r-value. Furthermore, the texture significantly affects the formability that usually is evaluated in terms of forming limit diagrams. In rolled metal sheets, crystallographic textures are classified into deformation (rolling) textures and recrystallization textures [1] . Grains in these textures exhibit certain preferred orientations resulting from their rotations during the fabrication process. In aluminum alloys, the texture develops around the Cu, Brass and S orientations during the rolling process, and around the Cube and Goss orientations during annealing process [2] . Effects of these texture components on mechanical properties have been investigated [2, 3, 4, 5] to some extent. However, procedures to search for the 'best' texture for a user-defined particular design requirement have not yet been studied adequately. Since the correlation between the texture (grain orientation distribution) and the mechanical properties is not so simple in general, it is not easy to find an exact solution.
In this paper, first, effects of texture on mechanical properties (i.e., anisotropy and formability) are investigated using crystal plasticity analysis. Next, a genetic algorithm (GA) is proposed to solve texture optimization problems. This algorithm is applied to search for optimum textures for the smallest possible in-plane anisotropy and for the largest possible formability [6] .
MODELING OF TEXTURES
In the case of aluminum alloys, the typical rolling texture components are Cu ({112} < 11 1 > ), Brass ({110} < 1 12 > ) and S ({123} < 634 > ) [2, 8] . The recrystallization texture components that frequently develop during annealing are Cube ({100}<001>) and Goss ({110}<001>) [2] . In actual materials, some spreading of grain orientations around the above particular crystallographic orientations is observed. A complete texture of aluminum alloy sheet can be modeled approximately by blending different volume fractions of these texture components with spreading of grain orientations.
The detailed procedure to model the texture components with spreading of grain orientations is described as follows. The rotation about an axis n (a unit vector) with an angle is generally expressed [3] as R = n n + (I n n) cos + (I n)sin , (1) where I is the second-order unity tensor, and and denote tensor and outer products, respectively. In the present texture analysis, the misorientation from the aforementioned ideal orientations is represented by the rotation tensor R. Here, is defined as the misorientation angle, which follows a Gaussian distribution [2] with the mean value equal to zero and the standard deviation 0 . It is known that typical values of 0 are in the range of 5˚-15˚.
In the present computational procedure, at first a value of is taken according to the Gaussian distribution and an n , designated as n (1) = (n 1 , n 2 , n 3 ) , is randomly chosen. The rolling direction (RD), transverse direction (TD), and normal direction (ND) are chosen to coincide the fixed Cartesian coordinates x 1 , x 2 and x 3 , respectively. In order to reflect the orthotropic symmetry of rolled sheet, we consider all the four equivalent orientations of the particular component family {hkl}<uvw>. (1) = (n 1 , n 2 , n 3 ) with + , n (2) = ( n 1 , n 2 , n 3 ) with , n
= ( n 1 , n 2 , n 3 ) with + , and n (4 ) = (n 1 , n 2 , n 3 ) with . The procedure is repeated until the desired number of grains is obtained. Figure 1 shows the {111} pole figures for Cu, Brass, S, Cube and Goss components with 0 =10˚ and 1600 grains. The orthotropy is kept completely.
In the present study, a texture of rolled aluminum alloy sheets is assumed to consist of the five texture components and some amount of randomly oriented grains. The volume fraction of every grain is taken to be identical.
CRYSTAL PLASTICITY ANALYSIS
In order to evaluate mechanical properties of polycrystalline sheet aluminum alloys, crystal plasticity computations are employed. The crystal plasticity model used here is along the lines presented by Asaro and Needleman [7] . The slip rate is assumed to be given by the following viscoplastic power law:
where ( ) is the slip rate of the th slip system, 0 is a reference slip rate, ( ) is the resolved shear stress, g ( ) is the current hardness, and m is a viscosity parameter. The evolution equation for g ( ) is assumed to be
Here h is given by
where h 0 is the initial slip hardening rate, N is a hardening exponent, t is the time, and 0 is the initial value of g ( ) .
As a model for polycrystals, an extended Taylor model [7] is adopted, in which the deformation in each grain is taken to be identical to the macroscopic deformation of the continuum. Taking the volume fraction of each grain to be identical, the macroscopic Cauchy stress, , is obtained from averaging the values over the total number of grains; i.e.
where (k ) is the Cauchy stress in kth grain (k =1, ..., N g ; N g represents the total number of grains). Figure 2 illustrates variations in Lankford's r-value with the direction of uniaxial tension for the five texture components with 0 = 10˚ [6] . The r-value is defined by the ratio of width to thickness strain rates. Here, it is evaluated at 3% plastic strain. Computations (with the extended Taylor model) of uniaxial tensile test have been performed for = 0˚, 22.5˚, 45˚, 67.5˚ and 90˚, where represents the tensile direction relative to RD. In each case, the texture component occupies 70% of the total volume fraction of grains. The remaining 30% volume fraction is populated by randomly oriented grains. The total number of grains, N g , is taken to be 1600 for the computations. The results shown in Fig. 2 are consistent with those reported in Barlat and Richmond [2] . The distributions of r-value are strongly nonuniform for all the texture components. The FLD analysis is based on Marciniak-Kuczynski (M-K-) type approach [8] . The initial imperfection value in M-K model, i.e. the ratio of the thickness inside the band to that outside the band, is taken to be 0.999. The details of the M-K type approach can be found in [9] [10]. It is clearly seen from Fig. 3 that the Cube texture gives a great formability for biaxial tension.
TYPICAL EFFECTS OF TEXTURE
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TEXTURE OPTIMIZATION
In general, the most appropriate volume fractions of the texture components for satisfying user-defined design requirements, e.g. the smallest possible in-plane anisotropy, the largest possible formability, etc., are unknown a priori. We develop an algorithm to solve such texture optimization problems.
To solve the texture optimization problems, we adopt a genetic algorithm (GA). A texture (an individual in GA) is represented by the volume fractions of the texture components and some fixed volume fraction of randomly oriented grains. Thus, each individual is represented as a real value vector, denoted by v i , whose components are the volume fractions of the texture components, where i is the individual number. Here we concentrate on the use of real-valued genes in GA (so-called the real-coded GA) [11] , although conventional GAs traditionally use bit strings to represent genes in each individual.
Optimization Algorithm
A scheme of the real-coded GA used [6] is illustrated in Fig. 4 . Detailed explanations of each stage of the procedure are provided below. 
Initial Population
In the initial population, the individuals are classified into two groups. In the first group, each individual has nonzero values of volume fractions of the five texture components, which are arbitrarily determined utilizing a randomizer in a computer language, and a certain constant volume fraction of randomly oriented grains. In the second group, each individual consists of one of the five texture components and the constant volume fraction of randomly oriented grains (e.g. if the constant volume fraction of randomly oriented grains is taken to be 30%, the remaining volume fraction, 70%, corresponds to one of Cu, Brass, S, Cube or Goss component). Thus, the second group includes only the five individuals. For a particular objective function, one of such textures may be the best solution. For all the individuals, the volume fraction of randomly oriented grains is fixed to a certain value as a restrictive condition. The optimum volume fractions of the five texture components under this condition will be searched by the real-coded GA computation.
Evaluation of Individuals
Probability of survival into the next generation is determined according to a fitness value. In the present application, the fitness value for a minimization problem is calculated by
where f v i ( ) (assumed to be positive) is the value of the objective function of the i-th individual, and f max is the maximum value of f v i ( ) at the current generation.
Meanwhile, the fitness value for a maximization problem is simply given by
Selection of Higher Fitness Individuals
A roulette selection is adopted to select individuals to survive into the next generation. The probability of survival is assumed to be commensurate with the fitness value, i.e.
where p(v i ) is the probability of survival for i-th individual and n is the number of the individuals. In addition, the elite preservation strategy is also used. The individual that has the highest fitness value is outright transferred into the next generation. This elite individual is neither subjected to crossover, nor to mutation.
Crossover
Two individuals, v and v , are randomly chosen as parents. Then, these two individuals are subjected to the following crossover,
where v 1 and v 2 are newly generated offspring, and μ is a linear interpolation factor. This procedure is repeated N c times, and finally 2 N c of new offspring are totally generated. Two interpolation factors, μ 1 and μ 2 , which satisfy μ 1 + μ 2 = 1 , give exactly the same crossover. Considering this, the range of μ is set to be 0 μ 0.5 . Values of μ close to zero generates offspring similar to their parents, while those close to 0.5 produce offspring dissimilar to their parents. Within this range, the values of μ are generated utilizing a Gaussian distribution function with the mean value of zero and the standard deviation μ 0 . Values of μ close to zero are more frequently generated than those close to 0.5. This means that offspring relatively similar to their parents are generated more frequently. This is consistent with the law of nature. So, it is considered that the present procedure includes an effect of the mutation, which generates offspring dissimilar to their parents according to some small probability. Therefore, we do not adopt any explicit mutation procedure in the algorithm.
Terminal Condition
The computation is terminated when all the individuals have identical volume fractions of the texture components.
Examples
Minimization Problem: In-Plane Anisotropy
As a first example, we consider a minimization problem of in-plane anisotropy [6] . In this application, the degree of in-plane anisotropy is evaluated by the following f: 
where r ( =0, 22.5, …, 90 [in degree]) denotes Lankford's r-value for uniaxial tension at the angle to the rolling direction. The f represents the standard deviation of r-values for the five values of . The objective function value in the GA algorithm is f defined in Eq. (10). The fitness value corresponding to f in Eq. (10) is evaluated by Eq. (6). To calculate f corresponding to one individual, five computations of uniaxial tensile test are performed for =0˚, 22.5˚, 45˚, 67.5˚ and 90˚. The value of r is evaluated at 3% plastic strain.
In all the GA computations shown in this paper, each individual consists of 1600 grains and the standard deviation, 0 , that specifies the scatter width of the spread of grain orientations is taken to be 10˚. The volume fraction of the randomly oriented grains is fixed to 30% (480 grains) for all the cases. The values of the parameters for GA are n = 61 (the number of individuals), μ 0 = 0.3 (the standard deviation for crossover), and N c = 30 (times of crossover). Thus, all the individuals, except for the one having the highest value, (i.e. n 1 = 60 individuals) are replaced by the offspring generated through the crossover (2 N c =60 individuals). The number of grains, N g , and the number of individuals, n, affects the performance and the computation time. These have been determined from results of a number of preliminary computations. Figure 5 (a) shows the convergent result of GA computation. The range bars in Fig. 5(a) indicate the maximum and minimum r-values predicted, and the lines connect the average r-values over all the individuals. All the individuals have the same numbers of grains for the five texture components (this is the terminal condition of the present GA). However, each individual does not necessarily have exactly the same orientations of grains, because the actual grain orientations are regenerated every time before the evaluation process, according to the given volume fractions of the texture components, using pseudo-random numbers continuously generated by a randomizer. Thus, the height of the range bar indicates the scatter caused by slightly different discrete grain orientations produced with the pseudo-random numbers. When the same series of pseudo-random number is used every time for generating each individual, we obtain exactly the same results for all the individuals at convergence. This has been confirmed with an additional computation, although its depiction is omitted here. But, such a result is inherently dependent on the particular seed number chosen in generating the pseudo-random numbers, even though all the individuals have completely the same r-value distribution. Thus, as long as we perform crystal plasticity computations with discrete grain orientations, the influence of pseudo-random numbers cannot be excluded completely from the computational results (see also Refs. [10] ). The {111} pole figure of one of the individuals at convergence is shown in Fig.  5(b) . It is clearly seen from Fig. 5 that the optimum texture for the smallest possible in-plane anisotropy clearly gives an average r-value less than 1.0.
Maximization Problem: Forming Limit Strains for Equi-Biaxial Stretch
Next, we consider a maximization problem of forming limit strain for equal-biaxial stretch [6] . It is known that the forming limit strains in biaxial stretch are strongly affected by the material anisotropy or the texture [5, 9, 10, 12, 13] .
The analysis of forming limit strain is based on the M-K-approach. The orientation of the imperfection band with slightly reduced thickness is fixed to be perpendicular to RD. For more realistic predictions, the minimum value of forming limit strain should be searched for all imperfection band orientations ranging from 0˚ to 90˚ relative to RD. However, a GA computation with a crystal plasticity forming limit analysis that takes into account the variation of the imperfection band orientation is formidably heavy. For this reason, the band orientation is fixed here. The initial imperfection value, i.e. the ratio of the thickness inside the band to that outside the band, is taken to be 0.999.
In the present computation, we consider only the equi-biaxial stretch of the sheet. Namely, the deformation outside the band is prescribed as 11 = 22 , where 11 and 22 are logarithmic strain rates outside the imperfection band.
The objective function is set as f = 11 L (= 22 L ) and the fitness value is given by Eq. (7), where 11 L is the principal logarithmic strain value outside the band at the occurrence of the sheet necking. The material parameter values are: m = 0.002, N = 0.22 and h 0 / 0 = 30. The imperfection value, i.e. the ratio of the thickness inside the band to that outside the band, is taken to be 0.999
The volume fractions of the texture components at convergence are: 5.4% Cu, 2.5% Brass, 3.7% S, 54.5% Cube and 3.9% Goss with 30% random orientation. Thus, the texture at convergence is mainly occupied by Cube component. The small amounts of the other texture components are attributed to the effect of random numbers as discussed before. The forming limit strain for Cube component is significantly high compared to those for the other components, as is seen in Fig. 3 . In the GA computation processes, the components other than Cube have been excluded. Very recently, Wu et al. [5] also showed that Cube component with 0 of around 10˚-15˚ yields a very large forming limit for biaxial stretch. The result presented here is consistent with their finding.
CONCLUDING REMARKS
A procedure to synthesize the optimum texture that satisfies a user-defined design requirement has been proposed. The real-coded GA and the crystal plasticity analysis are used in the procedure.
The method proposed in this paper is highly efficient in searching for optimum textures that satisfy various mechanical requirements. A difficulty with the present method may be the computation time. Within the applications shown in this paper, the simple polycrystal model based on the extended Taylor model and the simple sheet necking (M-K-type) model have been employed. Nevertheless, the computations were considerably heavy. If we use the finite element polycrystal model (e.g. [14, 15] ) together with the optimization algorithm proposed here, introduction of a high performance computing technique may be required.
